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Abstract 
Linguistic techniques have shown to be a promising way to uncover financial reports manipulations. In this paper, a 
linguistic features-based hierarchical clustering approach is proposed to detect deceptive financial reporting. The 
approach contains three steps: represents the textual data of financial reports, selects the distance function and linkage, 
performs hierarchical clustering and finds the deceptive reports. To verify the effectiveness of the proposed approach, 
five firms’ annual reports are chosen as the detecting targets. The experiments show that the proposed approach gives 
superior results. It indicates that our findings have implications in assessing the likelihood of deceptive financial 
reporting. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Harbin University 
of Science and Technology 
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1. Introduction 
Reliable company’s financial reporting is critical to auditors, regulators, investors, and the other 
constituents that interact with the corporations. However, the market participants can get hurt and it will 
erode the market confidence when financial reports are manipulated. The high profile accounting scandals, 
such as Enron, WorldCom, and Tyco have make investors lose several billions of dollars. Managerial 
financial fraud is estimated in the billions of dollars annually in the United States [1]. Consequently, 
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detecting whether financial reports statements are intentional misrepresentation is of considerable interest 
to researchers and equity investors. 
While trained auditors are expected to detect such maneuvers, they may not always be effective. The 
study [2] shows that humans, as lie detectors, are barely better than chance at detecting deception 
communication. Traditional researches of uncovering financial manipulations are accounting-based 
models, unfortunately, their ability to identify the manipulations is modest [3]. One of drawbacks of these 
researches is that they relied heavily on the numeric credibility of key financial indicators; they ignored 
the deceptive communication that accompanies the fraudulent. 
As Freud’s idea [4] pointed out, although liars have some control over the content of their stories, the 
way that they tell them may “leak out” their underlying state of mind. Several features of linguistic style, 
such as pronoun use and emotionally toned words, have been found be linked to a number of behavioral 
and emotional characteristic. Some of the language features, for example, more negative emotion words 
and fewer markers of cognitive complexity, should be associated with deception [5]. 
There is some evidence that traditional deception detecting models may be improved by exploit the 
techniques developed by linguists and psychologists to detect deception language [3]. Several studies have 
used linguistic techniques to discriminate deception [6] and these attempts have been shown to be a 
promising start, but their results are far from achieving the goal. 
This paper contributes to the literature by proposing a hierarchical clustering approach based on 
linguistic features to distinguish the deceptive reports from one company’s financial reports. In this way, 
the proposed method consists of three steps. In the first step, represents the textual data of financial 
reports with the linguistic feature vector. The distance function and the linkage which gain the highest 
cophenetic correlation coefficient are selected in the second step. In the third step, selects the number of 
clusters to be 2 and 3, performs hierarchical clustering, the outliers can be viewed as deceptive reports. 
The rest of this paper is organized as follows. The next section describes prior related work, and then 
the proposed methodology is introduced in Section 3. In Section 4 the experiment and evaluation results 
are explained and discussed. Finally, Section 5 draws the conclusions. 
2. Related work 
Recent papers have provided interesting relations between linguistic cues and firm outcome. As 
reviewed in [3], the approaches to measure the positive (optimistic) or negative (pessimistic) tone in 
textual data are: use hand-collected list of words, simple word counts from psychosocial dictionaries, and 
estimates produced by natural language processing classifiers. Although confounded, some prior works [7, 
8], used carefully selected list of words to capture a particular linguistic characteristic, this approach 
forces researches to identify the linguistic dimension of interest. The second approach employs 
psychosocial dictionary to count words that reflect particular characteristics [9-11]. Their textual data 
source included investor sentiment, financial reports, business news and earning press release. Results 
showed word counting is a replicable and transparent approach. The last approach is to apply text 
classifiers from computational linguistics [12-14]. However, despite its sophistication and needing large 
training data set, this approach may be highly sample specific, that is; weak predict ability to new data.  
There is only a few prior works by using linguistic cues to uncover deceptive reporting behaviors. 
Humpherys et al. [6]  applied natural language processing techniques to generate raw counts and usages 
rates of hedging devices, and a logistic regression-based classification model achieved 69.3% accuracy 
when identify the managerial financial fraud. Hobson et al. [15] empirically investigate whether vocal and 
linguistic cues elicited from speech are helpful in detecting misreporting. Their logistic regression analysis 
reveals nonverbal vocal emotion cues classify individual as misreports or truth tellers with the accuracy 
71%, while verbal cues from linguistic analysis showed only marginal ability to detect misreports. Larcker 
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et al. [3] estimated classification models of deceptive discussions during quarterly earning conference 
calls, their model was developed with word categories related to deception and with conservative 
statistical tests. Though their performance is only with 50%-65%, their results suggested that linguistic 
features are helpful to identify deceptive reporting. To our knowledge, there are no hierarchical clustering 
approaches are introduced to detect deceptive reporting. 
3. Proposed Deceptive Financial Reporting Detection Approach 
3.1. Deception-related words collection 
We construct our deception-related words collection based on the review and analysis provided by [3].  
1343 words are selected in our collection altogether. For more details, please refer to the appendix of [3]. 
3.2. Textual data representation 
Publicly financed firms in the United States are required to submit financial reports to the U.S. 
Securities and Exchange Commission (SEC) annually in the 10-k form. Besides key numeric financial 
indictors, the 10-k contains a managerial discussion regarding the financial condition, results of 
operations, and future outlook of the company. This section, which is largely textual and subjective, is 
called the Management’s Discussion and Analysis of Financial Condition and Results of Operations 
(MD&A).  Of all the disclosure items of the annual report, sell-side financial analysts most frequently 
rely upon the MD&A. When the management intends to persuade the readers to believe their numeric 
financial indictors, they have to tell a story completely different from the company's status. Although liars 
have some control over the content of their stories, the way that they tell them may “leak out” their 
underlying state of mind. Thus the MD&A section provide a special source to investigate linguistic 
feature of reports and it is the main textual data source in this study. Given one firm’s 10-k reports: 
(r1,…ri…,rn), where n is total number of reports, suppose that the deception-related words collection is 
w1,…,wj,…,wm, where wj represents one word or phrase that is deception related, the textual data of ri can 
be  represented as Xi=di1,….,dij,…dim, where dij is defined as: iijij tfd /= , where  fij represents the word 
frequency of wj in the textual data of ri, ti is the total words number of the textual data in ri.
3.3. Hierarchical clustering 
Hierarchical clustering form groups or “clusters” of similar objects based on similarities among their 
measure features by building a hierarchy of clusters. Such method, which is useful for to find similar 
groups of cases when no training data is available, is used in this study since there are always no large 
financial reports data labeled for training.  
The clustering method uses the dissimilarities (similarities) or distances between entities when forming 
the groups.  Some commonly used distance functions for hierarchical clustering are: Euclidean distance, 
squared Euclidean distance and city-block distance. When the distances between those objects are defined 
by the chosen distance measure, a linkage or amalgamation rule to determine when two clusters are 
sufficiently similar to be linked together is needed. Some commonly used linkage methods for 
hierarchical clustering are: single linkage, complete linkage, average linkage, centroid linkage and ward's 
linkage. On the other hand, the cophenetic correlation coefficient is a measure of how faithfully a 
dendrogram preserves the pair wise distances between the original ungrouped data. The distance function 
and the linkage method which gain the highest coefficient will be selected for one company’s clustering 
in our approach. 
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Through the hierarchical clustering dendrogram, the number of clusters k = 2 and 3 are selected in our 
approach, and then objects which can not be clustered into the rest of groups will be viewed as deceptive 
ones. It should be noted that, according to silhouette statistic, if there exists object’s silhouette coefficient 
negative when choosing k as the number of clusters, the k is not a suitable number for clustering.  
3.4. Algorithm design 
From the above analysis, the algorithm is designed in details as follows. 
Step 1: For one company’s 10-k reports ri, counts the words listed in deception-related collection, 
represents the textual data of ri with the linguistic feature vector Xi based on the method mentioned above. 
Step 2: Select the distance function and the linkage which gain the highest cophenetic correlation 
coefficient for clustering. 
Step 3: Select k=2,3 as the number of clusters, perform hierarchical clustering on the financial reports 
respectively, the reports which do not comply with the general feature can be regard as deceptive ones. 
4. Experimental results 
4.1. Data sets 
Five companies' 10-k reports are collected from SEC website (http://www.sec.gov). Three companies 
which caused famous scandals are Enron (Enron CORPORATION), WorldCom (WorldCom 
CORPORATION), and Xerox (Xerox CORPORATION). They were found reports manipulation during 
1997-2000, 1999-2001 and 1997-2001 respectively. Another two companies which often won the Best 
Investor Relationship Award and have no reports manipulation been found yet are: GE (GENERAL 
ELECTRIC COMPANY) and McDonald's (McDonald's CORPORATION).   
4.2. Clustering Results 
Applying our algorithm on the 10-k reports of the five companies, the clustering results are shown in 
Table 1 and the precision and recall in brackets. The 10-k reports of the underlined year can be viewed as 
fraud one because they do not comply with the general feature of data. It should be noted that k=2, 3 are 
not selected on Xerox, k=3 are not selected on GE and McDonald’s because there exists one object’s 
silhouette coefficient negative after clustering. Through the table, we can find that four precisions and 
three recalls are 100%, in contrast, no deceptive reports can be found on GE and McDonald’s. The results 
indicate that our approach can effectively detect the deceptive reporting. 
5. Conclusions 
Recent works have provided interesting findings between linguistic cues and financial manipulations. 
In this paper, a linguistic features-based hierarchical clustering approach is proposed to detect deceptive 
financial reporting. The approach represents the textual data of financial reports as linguistic feature 
vectors, then performs hierarchical clustering and the outliers can be viewed as deceptive reports. The 
proposed approach has been evaluated with annual reports of five companies. Experimental results show 
that the proposed method can effectively detect deceptive reporting. It indicates that our findings have 
implications in assessing the likelihood of deceptive financial reporting. 
Table 1 Clustering Results 
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Number of  clusters Results  
Enron clusters (k=2) {1993,1994,1995,1996,1997,1999,2000}{1998}(Precision: 100%, recall: 25%) 
Enron clusters (k=3) {1993,1994,1995,1996,1997}{1998}{1999,2000}(Precision: 100%, recall: 75%) 
WorldCom clusters (k=2) {1994,1995,1996,1997,2000,2001}{1998,1999}(Precision: 50%, recall: 33%) 
WorldCom clusters (k=3) {1994,1995,1996,1997}{1998,1999}{2000,2001}(Precision: 75%, recall: 100%) 
Xerox clusters (k=5) {1994,1995,1996}{1997,1998}{1999,2000}{2001}{2002,…,2010}(Precision:100%,recall: 100%) 
Xerox clusters (k=6) {1994,1995,1996}{1997}{1998}{1999,2000}{2001}{2002,…,2010}(Precision:100%,recall:100%)
GE clusters (k=2) {1994,1995,1996,1997,1998,1999,2000,2001}{2002,2003,2004,2005,2006,2007,2008,2009,2010} 
McDonald’s clusters (k=2) {1994,1995,1996,1997,1998,1999,2000,2001}{2002,2003,2004,2005,2006,2007,2008,2009,2010} 
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